xcess body weight is an important independent risk factor for cardiovascular disease (CVD) and other related chronic diseases such as type 2 diabetes. 1 The most common measure of excess body weight in clinical practice and population surveys is the body mass index (BMI), defined as weight in kilograms divided by the square of height in meters. Conventional BMI classifications are overweight (25.0 kg/ m 2 ՅBMIϽ30.0 kg/m 2 ) and obese (BMI Ն30.0 kg/m 2 ). These cut points were derived primarily in European populations to correspond to risk thresholds for a wide range of chronic diseases and mortality. 1 However, there is ongoing debate as to whether these criteria for obesity and overweight are appropriate for non-European populations.
Emerging evidence suggests that South Asians (people who originate from the Indian subcontinent) and Chinese suffer from an elevated risk of type 2 diabetes, hypertension, and dyslipidemia even if their BMI is low (ie, Ͻ25.0 kg/m 2 ). [2] [3] [4] [5] [6] Possible explanations include that non-Europeans have a relative excess of adipose tissue or deficit of lean body mass compared with Europeans for a given BMI. 4, 7, 8 
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To date, 2 major consensus statements have attempted to define appropriate BMI ranges for Asian populations. A 2000 statement from the World Health Organization suggested that in Asian populations, being overweight should be defined as a BMI Ͼ23.0 kg/m 2 and obesity as a BMI Ͼ25.0 kg/m 2 . 9 In contrast, the 2004 World Health Organization statement indicated that a range of plausible BMI cut points for being overweight and obese existed for Asians (depending on the outcome assessed and the population examined) and suggested that it would not be possible to define a single set of new cut points in these populations. 10 The aims of the present analysis are to derive appropriate BMI cut points to define obesity among individuals of South Asian, Chinese, Aboriginal, and European descent using a novel application of statistical methods and incorporating multiple metabolic abnormalities into a single construct.
Methods

Description of Study Sample
Individuals included in this analysis were participants in the Study of Health Assessment and Risk in Ethnic Groups (SHARE) and Risk Evaluation in Aboriginal Peoples (SHARE-AP). Subjects were randomly recruited from 3 Canadian cities (Toronto, Hamilton, and Edmonton) and the Six Nations Reserve, Ohsweken, Ontario. 11, 12 Targeted ethnic sampling of South Asians and Chinese was achieved by using surname databases merged with local telephone directories. 13, 14 To verify ethnicity, the subject had to report that both parents and all 4 grandparents had the same ethnicity, which was confirmed over the telephone and at the time of the clinic visit. Aboriginal subjects were required to be Six Nations Band Members and living on the Six Nations Reserve. Among eligible individuals, the response rate was 62% among Europeans, 59% among South Asians, 69% among Chinese, and 79% among Aboriginal people. All participants were between 35 and 75 years of age and had resided in Canada for a minimum of 5 years at their time of entry into the study. SHARE and SHARE-AP were approved by the McMaster University Hamilton Health Sciences Research Ethics Board and the Six Nations Band Council, respectively. More detailed descriptions of the study samples have been previously reported. 11, 12 The authors had full access to and take full responsibility for the integrity of the data. All authors have read and agree to the manuscript as written.
Anthropometric and Clinical Measures
All physical measures were gathered using a standardized protocol across the 4 centers. A detailed description was reported previously. 15 
Biochemical Measures
All subjects underwent between an 8-and 12-hour fast before blood was drawn, and nondiabetic participants underwent an oral glucose tolerance test with measurement of glucose, insulin, triglyceride, and free fatty acid levels at baseline and at 2 hours after glucose load. HbA1c, measured with a 765 Glycomat analyzer using low-pressure cation exchange chromatography in conjunction with gradient elution to separate hemoglobin subtypes, was associated with a coefficient of variation Ͻ4%. Total cholesterol and glucose were measured with enzymatic methods 16, 17 ; low-density lipoprotein (LDL) cholesterol was calculated 18 ; and high-density lipoprotein (HDL) cholesterol was measured after precipitation of very LDL and LDL fractions. 19 Triglycerides were measured with the enzymatic, colorimetric method with cholesterol esterase, cholesterol oxidase, and 4 aminoantipyrine (ROCHE Cobas Integra, Basel, Switzerland). Insulin was measured by manual radioimmunoassay assay (Diagnostic Products Corp, Los Angeles, Calif). Free fatty acids were measured on the Chiron 560 Express using reagent kit NEFA-C (WAKO Chemical USA Inc, Richmond, Va). Homeostasis model assessment-insulin resistance (HOMA-IR) was used as a validated measure of estimated insulin resistance. 20 
Statistical Analysis
First, principal components factor analysis was used to extract underlying factors related to 14 commonly used markers of glucose metabolism (fasting and 2-hour glucose, fasting and 2-hour insulin, HbA1c, HOMA-IR), lipid metabolism (LDL, HDL, fasting and 2-hour triglycerides, fasting and 2-hour free fatty acids), and blood pressure (systolic and diastolic blood pressures; Table 1 ). These variables were chosen to represent commonly used markers reported in the literature. Free fatty acid and triglyceride levels were included in this analysis because these markers are intricately related to glucose and lipid metabolism and to insulin resistance. 21 Second, each underlying factor that emerged was used as the dependent variable in a saturated linear regression model with the independent variables BMI, ethnicity, and their interaction. Sex and age were not included as covariates because each marker was adjusted for these 2 variables before being entered into the principal components analysis (Appendix I in the online Data Supplement). Third, the predicted level of each factor (P) among Europeans was calculated at a BMI of 30.0 kg/m 2 (the established cut point to classify obesity) using the models derived in step 2. Fourth, using the same models, we determined the value of BMI that predicted a factor level P among South Asians, Chinese, and Aboriginals (B S , B C , and B A , respectively). These values of B were taken as the candidate cut points for obesity in South Asians, Chinese, and Aboriginals because they were associated with a factor level of P (Appendix II in the Data Supplement contains a schematic outlining this process). Loadings Ͼ0.3 on the rotated factors are in bold to improve interpretability. This corresponds approximately to ϳ10% of variance of the factor (0.3 2 ϭ0.09). Rotation is a method of transforming the principal components obtained in the initial solution into a system of axes that improves their interpretation. The first rotated principal component is loaded on primarily by glucose metabolism markers, the second by lipid metabolism markers, and the third by blood pressure markers.
To approximate a 95% CI, we used a method similar to the fiducial approach. 22 For example, in South Asians, we took the 95% confidence band on the regression line and identified for the upper and lower limits of the band the BMI values predicting a risk factor level P. These values were taken as the lower and upper limits for B S . A similar approach was used for the other ethnic groups.
All variable standardization was performed with a linear regression model. Skewed variables were transformed by taking the natural logarithm.
Results
On average, European and Aboriginal participants had resided in Canada for twice as long as South Asian and Chinese participants (44.4 and 41.7 years compared with 19.8 and 20.6 years, respectively). All South Asians and 95% of Chinese participants reported being born outside of Canada.
Clinical and Biochemical Profiles
Of the initial 1247 participants, 169 had established diabetes and were excluded from this analysis because they did not have 2-hour post-oral glucose tolerance test levels of glucose, insulin, triglycerides, and free fatty acids. Of the remaining 1078 subjects, there were 301 European, 289 South Asians, 281 Chinese, and 207 Aboriginals. General demographic characteristics and mean marker levels are presented in Table 2 . Aboriginals were older and a greater proportion were women compared with the other ethnic groups. There was marked ethnic variation in BMI in that the mean BMI among Aboriginals was Ͼ7 kg/m 2 higher than in Chinese, with South Asians and Europeans intermediate to these groups. Fasting glucose and insulin levels were highest among Aboriginals, whereas the 2-hour post-oral glucose tolerance test levels of these parameters were highest among South Asians. South Asians also had the worst lipid profiles, with the highest levels of LDL and the lowest levels of HDL. Systolic blood pressure was similar between the 4 ethnic groups, whereas diastolic blood pressure was markedly lower among Aboriginals.
Principal Components Factor Analysis
Three factors emerged that accounted for 56% of the total variation of the 14 variables initially entered into the model (Table 1) . Variables loading onto the first rotated factor are related to glucose metabolism (fasting and 2-hour glucose, HbA1c), insulin/estimated insulin resistance (HOMA-IR), and free fatty acids; those loading onto the second rotated factor are related to lipid metabolism (LDL, HDL, fasting and 2-hour triglycerides) and insulin/estimated insulin resistance; the third rotated factor is related uniquely to blood pressure ( Figure 1 ). The 3 variables related to insulin/estimated insulin resistance-fasting and 2-hour insulin and HOMA-IR-are shared between the glucose and lipid factors. Free fatty acids also are shared to some extent between these 2 factors but loaded primarily on the glucose factor. Given that the variable loading patterns in the 3-factor model have face validity, agree with previous research, and have physiological underpinnings, 23 they were used for comparison of risk level between ethnic groups in the next section. A visual summary of the relationship between observed variables and underlying factors is provided in Figure 1 . All means were adjusted for age and sex through linear regression. *Probability value for the main effect of ethnicity was evaluated on 3 df in an age-and sex-adjusted model.
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BMI Cut Points for Obesity
Linear regression models fit for each latent factor (glucose, lipid, and blood pressure) identified BMI cut points that corresponded to a BMIϭ30.0 kg/m 2 among Europeans. The main effect of ethnicity was highly significant (PϽ0.001) for each factor. The levels of glucose factor ( Figure 2 ) and lipid factor ( Figure 3 ) were higher in non-Europeans compared with Europeans across the range of BMI values. The level of the blood pressure factor was higher in Chinese compared with Europeans, similar in South Asians and Europeans, and much lower in Aboriginals (Figure 4) . 
Discussion
In this study, we demonstrate that South Asians, Chinese, and Aboriginal people have similar distributions of glucose and lipid factors at significantly lower BMI values compared with Europeans. Furthermore, Chinese have elevated blood pressure levels at a much lower BMI than Europeans, whereas blood pressure levels in Aboriginals are lower than the other 3 ethnic groups across the range of BMI. Our data support the belief that "normal ranges" for obesity using BMI cut points derived in European populations may be misleading when applied to populations such as South Asians, Chinese, and Aboriginals. [2] [3] [4] [5] [6] [7] [8] Use of BMI cut points derived among Europeans understates the cardiometabolic risk associated with weight gain in other ethnic groups. The pathway linking obesity to clinical events is mediated partially through its strong association with the development of diabetes, hypertension, and dyslipidemia. 1 Therefore, our focus on these important risk factors lends credence to the argument for varying BMI cut points for different ethnic groups. These findings have important implications for clinicians, who need to be aware that the definition of a "normal" or average BMI may not apply to nonEuropean ethnic groups and that elevations in markers of glucose metabolism may occur at low BMI values (ie, 21.0 kg/m 2 ). This suggests that to minimize the development of cardiometabolic risk factors, lower BMI targets should be used by healthcare professionals in some non-European populations.
Although a cut point to define obesity of a BMI of 21.0 kg/m 2 may seem unrealistic, it should be noted that the majority of the populations of India and China still inhabit rural regions and have BMI values that are markedly lower than those observed in Western countries. For example, the 90th percentile of the BMI distribution in the rural Anqing region of China is 23.5 kg/m 2 in men and 24.5 kg/m 2 in women. 24 In 1999, the proportion of the population living in urban areas was only 31.6% in China and 28.1% in India. 25 It is only after the influence of an urban environment (abundant with calorie-dense foods and limited physical activity) that BMI ranges increase to a level that would be considered "normal" in Western countries. In countries such as India and China, there has historically been an emphasis on the prevention and treatment of underweight individuals (BMI Ͻ18.5 kg/m 2 ). Future studies should examine the BMI values at which the transition occurs from risk of malnutrition-related illnesses to risk of chronic disease. However, it must be noted that in most developing countries, the prevalence of overweight (BMI Ͼ25.0 kg/m 2 ) now exceeds the prevalence of underweight (BMI Ͻ18.5 kg/m 2 ), and country-specific proportions of overweight to underweight should inform public health policies. 26 An intriguing finding of our analysis was the similar cut points for obesity using either the glucose or lipid factor among South Asians (BMI, 21.0 and 22.0 kg/m 2 , respectively), whereas the cut point using the lipid factor was significantly higher among Aboriginals and Chinese compared with their cut points using the glucose factor (BMI, 25 The elevation in blood pressure levels among South Asians with weight gain does not appear to be greater than in Europeans. Similar results were found in a previous comparison of blood pressure values in South Asian and European Canadians. 3 On the other hand, the elevation in blood pressure with weight gain observed among Chinese may explain in part their predilection to develop hypertension and thus their greater risk for stroke compared with ischemic heart disease. 27 The low blood pressure levels in Aboriginals were unexpected and require further study. However, our observation is consistent with that of Weyer and colleagues, 28 who compared normotensive Pima Indians and whites and found that despite higher levels of obesity among the Pima Indians (BMI, 32.2 versus 27.8 kg/m 2 ), levels of systolic and diastolic blood pressures were similar between the 2 groups. The authors suggest that this finding may be explained by the fact that the Pima groups demonstrated a much weaker relationship between levels of insulin and adipose tissue to muscle sympathetic nervous activity compared with Europeans. 
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The elevated risk in South Asians and Chinese of metabolic abnormalities in normal weight ranges (BMI Ͻ25.0 kg/m 2 ) has led to a number of attempts to redefine the cut point for overweight and obese in Asian populations. 10 These approaches have used 2 classes of outcomes to compare risk levels between ethnic groups: elevated percent body fat or the prevalence of conditions such as diabetes, hypertension, or dyslipidemia. They also have used 2 approaches to derive ethnic-specific cut points: receiver-operating characteristic curves and logistic regression, both of which have shortcomings. The receiver-operating curve characteristic approach is dependent on the BMI distribution of the population under study and is restricted to studying 1 dichotomous outcome at a time. 29, 30 In general, a more rightward distribution will produce a higher optimal BMI cut point using the receiveroperating curve characteristic method. 29 Logistics regression is limited because the interval at which the odds ratio attains significance is based on the choice of interval boundaries, and this impacts the sample size within each interval and the strength of the relationship with the outcome variable. Therefore, on the same data set, different BMI cut points could be obtained, depending on how BMI is categorized. Second, the point at which statistical significance is reached depends in part on sample size, and lack of a significant odds ratio could lead to the erroneous conclusion that an increase in risk level is not present. 31 Finally, like the receiver-operating curve characteristic approach, the logistic regression approach examines only 1 outcome at a time.
Advantages of Using Factor Analysis
Prior analyses have used arbitrarily dichotomized cardiometabolic outcomes such as diabetes, hypertension, and dyslip- *Cut points are significantly lower in non-Europeans vs Europeans for the lipid and glucose factors. Cut points for the blood pressure factor are significantly lower in Chinese but not South Asians vs Europeans. The blood pressure factor was markedly lower in Aboriginals vs the 3 other ethnic groups at any given BMI, and no cut points were derived. Within each ethnic group, we calculated the mean level of markers related to glucose and lipid metabolism and blood pressure among individuals who were above each ethnic-specific BMI cut points (using the new cut points derived above).
†The mean level of fasting glucose among was 5. idemia to define obesity. Therefore, all of the difficulties described above for the categorization of BMI could apply equally well to the problem, for example, of defining what levels of plasma glucose constitute diabetes. Furthermore, most of these risk markers share a continuous relationship with CVD, and large meta-analyses have not shown a clear "normal" level for plasma glucose, cholesterol, or blood pressure. [32] [33] [34] Therefore, our analytic strategy uses an approach that simultaneously incorporates the varying markers used to measure a risk factor, is less dependent on the population distribution of the variable, and can be used to characterize continuous risk factors.
Study Limitations
We derived BMI cut points at which similar risk factor distributions are present in non-Europeans compared with Europeans at a BMI of 30.0 kg/m 2 . However, because of the cross-sectional design and modest sample size of the present study, we cannot be certain whether these markers show ethnic variation in their relation to clinical events such as CVD. This would require a much larger prospective study involving several thousand CVD events in each of several ethnic groups. However, to the best of our knowledge, no evidence has emerged to support the hypothesis that certain ethnic groups are protected against the harmful effects of high glucose, cholesterol, or blood pressure. Second, although HOMA-IR is a validated measure of insulin resistance, we acknowledge that the use of more accurate measures from clamp studies would have improved our analysis. Third, our analytic approach could not identify cut points corresponding to overweight (BMI, 25.0 kg/m 2 ) because of an insufficient sample of individuals in the SHARE study at very low BMIs (Ͻ20.0 kg/m 2 ). Consequently, our regression models used to predict BMI cut points for overweight in non-Europeans produced variable results that depended greatly on the choice of model (data not shown). Similarly, the methods presented in the present study would plausibly work equally well to derive waist circumference and waist-to-hip ratio cut points but require a larger data set with greater variability in the range of anthropometric indexes. Fourth, our approach to derive a confidence region around predicted BMI cut points does not give an exact ␣ level of 0.05. However, models suggest that the approach we used in the present study is conservative and gives an ␣ level substantially below 0.05. 35 Fifth, our 3 latent factors explained only 56% of the variation in observed markers, and although it would have been ideal if a greater proportion of variation had been explained, our analysis is consistent with the results of previous factor analyses of this type, and it may be possible that the residual amount of unexplained variation is an inherent limitation of the set of variables examined or their measurement error. 23 Sixth, it is possible that some proportion of the ethnic variability in metabolic markers observed in the present study is due to differences in lifestyle factors (such as diet, physical activity, or tobacco), genetic factors, and lifestyle-gene interactions. Consideration of these factors may help explain the results of our analysis. It is important for future studies to examine the relative contributions of these factors to the development of metabolic abnormalities and clinical events.
Finally, we cannot be certain of the extent to which results in non-European populations in Canada can be generalized to these populations in their country of origin.
Conclusions
Cut points for obesity in relation to the distribution of glucose-, lipid-, and blood pressure-related risk factors for CVD are much lower for South Asians, Chinese, and Aboriginals than the conventional value used for Europeans. Further research is required to examine whether individuals from these ethnic groups who exceed these lower BMI cut points have an increased risk of CVD. 
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